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Abstract—In resent years ANN is widely reported for modeling in  different areas of science  including electro chemistry. This includes 
modeling of  different technological batteries such as  lead acid battery, Nickel cadmium batteries etc. Lithium ion batteries are 
advance battery technology which satisfy most of the space mission requirements. Low earth orbit (LEO)space craft batteries undergo 
large number of charge discharge cycles ( about 25000 cycles) compared to other ground level or space applications. This study is 
indented to develop ANN model for about 25000 cycles, cycled under various temperature, Depth Of Discharge (DOD) settings with 
constant charge voltage limit to predict the retained capacity and End of Discharge Voltage (EODV). To extract firm conclusion and 
distinguish the capability of ANN method, the predicted values are compared with experimental result by statistical method and Bland 
Altman plot. 
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1 INTRODUCTION
 Battery comprises  complex set of interacting physi 
cal and chemical processes, the purpose of which is 
the conversion of chemical energy into electrical 
energy. The processes are often strongly influenced by the 
battery environmental conditions and usage  profile. In 
fact, due to the number and complexity of the processes 
taking place, and the inability to accurately describe 
them, makes it difficult to develop an accurate battery 
model[1]. 
The Low Earth Orbit (LEO) spacecrafts are used for a 
wide variety of  remote sensing applications such as  
weather forecast, cartography, urban planning, environ-
mental assessment, agriculture, forestry, ground water 
management etc.  Batteries are required in LEO space-
crafts for support during eclipse period and to meet peak 
power demand during sunlit. In LEO the batteries have to 
undergo 15 charge discharge cycles in a day. Typically the 
orbital period of a LEO spacecraft comprises   65 minutes 
of sunlit and 35 minutes of eclipse duration. Batteries are 
charged during the sunlit and discharged during eclipse 
to meet the spacecraft power demand. Batteries may be 
discharged even in sunlit to meet the peak power de-
mand. In LEO the batteries are expected to last for 5 to 8 
years. Consequently, LEO spacecrafts are highly demand-
ing with respect to battery performance requiring 5500 
charge discharge cycles in a year.  Requirement of  larger 
number of cycles forces to restrict the DOD, generally, to 
less than 30%. Lower the DOD, temperature and end of 
charge voltage (EOCV) limit,  longer is the cycle life.  In 
LEO orbits the batteries are used continuously without 
any rest or open circuit duration. 
  
Lithium-ion batteries are high energy density rechargea-
ble batteries that offer increased energy density, long 
cycle life, resistance to  launch vibration, high reliability, 
wide temperature range of operation, radiation resis-
tance, high round trip efficiency with  no memory effect. 
These features of lithium-ion batteries  lead to its selection 
in spacecraft programs. But this lithium-ion cell perfor-
mance and the lifespan are largely dependent on parame-
ters such as operating temperature, depth of discharge 
(DOD), and also charge discharge rates Since any failure 
of the batteries will lead to failure of spacecraft, they 
should be highly reliable and are to be tested extensively 
to stringent specification requirements before being put 
into use. The retained capacity of below 40% and EODV 
of less than 2.5V are  considered to be failure of bat-
tery[2][3].   
Basically, mathematical models of physical systems are 
constructed to facilitate our understanding of mechan-
isms that lead to specific responses and to enable re-
sponse predictions .This creates the need for prediction 
tools that provide users with useful information such as 
remaining working time ,available energy at every de-
sired time of operation, etc. In this regard, the Artificial 
Neural Networks (ANNs), one of the most powerful 
modeling techniques could be explored as a possible tool 
to predict the charge discharge characteristics of rechar-
geable batteries. Because,  ANNs  play a vital role in ana-
lyzing and predicting the behavior of systems that cannot 
be described by any analytical equations[4][5].   
In recent years, multivariate methods and ANNs are used 
to  predict the capacity behavior of lead-acid batteries  
alone, wherein literature is replete with reports on the 
modeling and prediction of characteristics of lead-acid 
batteries . In this regard, ANNs have been used to predict 
capacity and power, gust effects on a grid-interactive 
wind energy conversion system with battery storage,  
cycle life and failure mechanism of lead-acid system.  
ANN has been reported to understand and to predict 
possibly the rechargeable lithium-ion cell charge–
discharge characteristics . The estimation (interpolation) 
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capability of ANN’s are assessed   by  odd cycle charge–
discharge behavior for even cycle training data approach, 
and vise versa  which is a commonly reported methodol-
ogy in the literature [4][6]. 
On the other hand the ANN’s prediction ability  largely 
depends on closeness of the training data sets and the 
error target for which  ANN has been trained.  At the 
same time it is very important that very close training 
data sets and large number of training data sets leads to 
large training time and high training error.  Interpolation 
using ANN has  limitations when ANNs are used to 
model lithium batteries for LEO space applications where  
large number of cycles are  involved with the other para-
meters such as temperature and  DOD. In the LEO space 
applications mostly load is fixed and charge rate is also 
constant. So  the variations due to charge and discharge 
rates are not considered. Increase in number of cycles 
increases the number of data sets. This  minimises the 
number of data sets and the cycle interval  of data for 
which we can  achieve less network training time and low 
error rate. When considering changes in  the other para-
meters such as  temperature and DOD which also inter-
play with the charge discharge cycle to define the re-
tained capacity and EODV, it becomes a complex situa-
tion to train the ANNs.  
Experiments were performed under  various DOD, tem-
perature settings for 25000  charge discharge cycles. to 
find  retained capacity and EODV. The obtained experi-
mental result datasets have to be minimized to achieve 
best results using ANN. Multivariate analyses have been 
performed to find the effect of individual parameters 
such as temperature, DOD, with respect to charge dis-
charge cycles on retained capacity and EODV. The obser-
vations from estimated model using Multivariate analys-
es have been in use to define the datasets to train the 
ANN. This approach is found to be more appropriate in 
training the ANN. This paper is probably the first in re-
porting model using ANN for large number of cycles 
with high accuracy.  
Comparisons between experimental results with the pre-
dictions by the model are made using statistical method 
and Bland Altman plot to find the accuracy of the de-
signed ANN  model for lithium ion battery for LEO space 
applications. In statistical method Average absolute per-
centage error (AAPE), correlation co-efficient ( R-Squired 
value) between observed and predicted value are taken as 
the performance measures. Bland Altman plot is deemed 
simple both to do and to interpret. The X axis will 
represent the mean of the comparison values and the Y 
axis with the difference between the values. This work is 
aimed at development of a model and also to study the 
impact of temperature, DOD and cycles on retained ca-
pacity and EODV of lithium-ion rechargeable batteries. 
 
2    CELL TEST SET-UP   
Experiments were performed using Maccor series 4000 
battery/cell test system. The cell test system is designed 
specifically for running multi-channel high speed tests on 
cells. The system is modular in design with 48 channels.  
The system allows a batch of cells to be tested indepen-
dently for various parameter settings such as EOCV limit, 
temperature, DOD, etc. For example, to test the cycle life 
expectancy with respect to a specified parameter, the set-
up allows a number of cells to be charged independently 
to a predetermined voltage level at a predetermined rate 
and discharged at a predetermined rate up to an end vol-
tage at different temperatures. The system makes use of 
analogue control loops for smooth control of applied sig-
nals. 
For the present problem retained capacity of lithium-ion 
cells have been tested with constant end of charge voltage 
of 4.1 V for temperatures range 10º C to 30º C and DOD of 
10% to 30% for 25000 charge discharge cycles. as tabu-
lated in Table 1. 
 
TABLE 1 
Experiment Datasets 
 
 
 
 
 
 
 
 
 
 
 
 
 
3   ANN SOFTWARE DEVELOPMENT 
Model development using ANN involves two steps, one 
is learning with the experimental data sets for  low error 
target which results in generation of weights and biases 
and the other is prediction for noisy data (the data’s not 
used in training process) using the generated weights and 
biases. Even though there are a number of network archi-
tectures available, the most widely used network is multi-
layered feed-forward network[8][9] trained with the back-
propagation learning algorithm with sigmoidel activation 
function. The training software and prediction software 
are developed using “C” program to provide flexible 
platform for varying number of hidden layers, Number of 
neurons in each layer, and learning rate[4][10]. 
The developed software provides convenience of genera-
tion of weights and biases files for a specified error      
target. The generated weights and bias files is used for 
further reduction in error target.   This reduces training 
time and is useful to achieve minimum error target with-
out over fit or under fit.  After achieving minimum error 
target the generated weights and biases file is used by the 
prediction software for interpolation by which the re-
tained capacity and EODV can be estimated. 
 
4    MULTIVARIATE ANALYSIS 
Multivariate analysis is performed to find the effect of the 
individual parameters DOD, temperature and charge dis-
charge cycle on retained capacity and EODV for LEO pro-
file.  The experimental data sets with the interval of 1000 
charge discharge cycle for different DOD and  Tempera-
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ture settings as mentioned in Tabile1 have  been taken as 
input parameter and multivariate analysis has been per-
formed.  The multivariate estimated model for retained 
capacity  is shown in equation.(1) and  equation.(2) pro-
vide the EODV estimated model. 
 
Estimated model for  Retained Capacity: 
RC = 110.29-0.7551*T-0.2977*DOD-0.0014*C        (1) 
 
Estimated model for  EODV: 
EODV=4.3156-0.1297*T-0.0093*DOD-7.1705E-06*C       (2) 
 
 Where   RC – Retained Capacity in % 
 T – Temperature in ºC 
 DOD -  Depth of Discharge in % 
 EODV- End of Discharge voltage in Volts. 
 C - Charge and discharge cycle number 
 
It is interesting to see from the estimated model equation 
for retained capacity the effect of DOD is higher than the  
temperature followed by  the number of cycles. Where as 
EODV reduces largely with temperature followed by 
DOD and cycle. The initial  internal resistance is high for 
lower temperature but change in resistance is less in due 
course of cycling in higher temperature where the initial 
resistance is low but change in resistance is high in due 
course of cycling.  This investigation has been taken as 
prelude to decide the data set to train the ANN model. 
 
5    ANN ARCHITECTURE FOR BATTERY MODEL 
Two  feed forward error back propagation networks have  
been developed for the present problem .One, to estimate 
retained capacity and the other for EODV  for charge vol-
tage limit of 4.1V with various temperature, DOD and 
charge-discharge cycles.  In this network input layer con-
sists of three  neurons which are presented with the pa-
rameters temperature, DOD,  and charge-discharge cycles 
and the output layer consists of one neuron - retained 
capacity /EODV.  Different configurations have been 
tested to find the number of hidden layers and number of 
neurons in each layer.  Out of the tested configurations, 
the configuration with two hidden layers having five 
neurons each and  two hidden layers having nine neurons 
showed good prediction . But two hidden layers having 
nine  neurons each is able to train the network for lower 
error target than the other. So it is found that the configu-
ration with two hidden layers having nine  neurons each 
is suitable for the present problem.  The final configura-
tion of the network is three neurons in the input layer, 
two hidden layers with nine neurons each and one neu-
ron in the output layer as shown is figure 1.Both the  net-
works are trained with 156 data sets each to predict re-
tained capacity and EODV respectively. The ANNs have  
been trained with   learning rate of 0.4 with sigmoidal 
activation function . The error target achieved is 0.7% and 
0.2% for retained capacity and EODV prediction models 
respectively. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig 1 Back propagation neural network. 
 
6     RESULTS AND DISCUSSION 
Retained capacity estimation result shown in figure.2 de-
picts clearly  the effect of DOD and temperature over  
charge discharge cycle.  Retained capacity has been ex-
pressed in terms of percentage.  It is observed from the 
plot that  for the  same temperature when the DOD in-
creases the loss in capacity is increased. For example for 
the temperature of  10° C with the DOD  of 10%, 20% and 
30%  the loss in the  capacity is found to be 20%,35% and 
45% respectively after 25000 cycles. At the same time for 
same DOD of 30% with different temperatures of 10°C, 
20°C and 30°C the capacity fading is observed as 45%,52% 
and 60%. This indicates the influence of DOD in  capacity 
fading of lithium ion battery is higher with the higher 
operating temperature. The highest  capacity loss of 60% 
has been seen at 30°C with 30% DOD and lowest was ob-
served at 10°C with 10% DOD after 25000 cycles.   This 
indicates that  for lower the DOD and lower  temperature 
the capacity fading is  also lower. It is interesting to note 
from the  graph  that the initial  loss of capacity is more     
(observed from  5000 cycles) than subsequent capacity 
where the  fading is observed to be uniform in nature.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 2. Observed and Predicted values of Retained Capacity by ANN 
Model. 
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EODV graph shown in figure 3 demonstrates that with 
lower temperature initial internal resistance is high. So 
the drop is also high but in the case of higher temperature 
the initial internal resistance is low. So the drop is also 
less.  But over the cycles it is seen that the  internal resis-
tance increases for high temperature over lower tempera-
ture.  For 10°C  with 10% DOD the loss in voltage after 
25000 cycles is 0.04V and for 30°c with 30% DOD it is ob-
served to be 0.35V . 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 3. Observed and Predicted values of EODV by ANN Model. 
 
Observed and predicted values of retained capacity and 
EODV plotted in the figures2 and 3 show an excellent 
agreement between them. The training has been done  
step by step reducing the training  error rate . The verifi-
cation has been done with test data sets and also with 
training data sets to avoid the danger of over fitting or 
under fitting.  
The correlation coefficient for the relationship between 
the  retained capacity predicted with the  experiment re-
sult is 0.9975 .The Average  absolute percentage errors 
(AAPE) and coefficient of variation for the variables are 
0.899 % and  0.0105  respectively. 
The correlation coefficient for the relationship between 
the EODV predicted and the experiment result is 0.9947. 
The Average absolute percentage errors (AAPE) and coef-
ficient of variation for the variables are  0.271 % and   
0.0031  respectively. 
The retained capacity and EODV predicted by the ANN 
models are compared with the  experimental results  to 
extract degree of prediction accuracy and generalization 
capability of the ANN. The retained capacity prediction 
and EODV prediction  by the trained  ANNs  is plotted 
against the 1:1 line which represents 100% accuracy, as 
shown in figures 4 and 5. Visual inspection reveals that 
both the predictions are found to be very close with 
1:1line. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 4. Comparison graph between Observed and Predicted values of 
Retained Capacity using ANN. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 5. Comparison graph between Observed and Predicted values of 
EODV using ANN. 
 
Bland Altman plot comparison of observed experimental 
data with the predictions by ANNs for retained capacity 
and EODV is plotted in figures 6 and 7.  It can be seen 
that variation between the observed and predicted re-
tained capacities is negligible. In almost all cases the vari-
ation is within ±2%. For EODV the variation is               -
0.75% to +1.25%.  This confirms that our models using 
ANN are very appropriate. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 6. Bland Altman Plot for Observed and Predicted values of Re-
tained Capacity using ANN model. 
JOURNAL OF COMPUTING, VOLUME 2, ISSUE 4, APRIL 2010, ISSN 2151-9617 
HTTPS://SITES.GOOGLE.COM/SITE/JOURNALOFCOMPUTING/ 132
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 7. Bland Altman Plot for Observed and Predicted values of End 
of Discharge Voltage using ANN model. 
 
7      CONCLUSION 
This paper demonstrated the development  of ANN mod-
els for lithium-ion battery to predict the retained capacity 
and EODV where a large number of cycles is involved. 
The effect of individual parameters on retained capacity 
and EODV observed from  the Multivariate estimated 
model is more useful to define the interval of datasets  
between the different input parameters, which inturn 
reduces the data sets required for training ultimately re-
sults in reduction in training time and  also possibility to 
train the network to low error rate.  Considering the 
complexity of  relation  between the input and the out put 
result obtained with the chosen data sets interval  pre-
sented in this paper show encouraging results for predic-
tion of the retained capacity and EODV. This  proves the 
capability of the ANN to model non-linear complex sys-
tems. From the above study it is well established that the 
DOD and temperature over large charge discharge cycles 
influence the retained capacity and EODV of lithium-ion 
batteries. 
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